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Abstract

Along with the development of artificial intelligence technology, researches that apply reinforcement learning to
routing problems in the network field are emerging. However, the basic reinforcement learning method assumes a
fixed environment, so performance is limited in variable network environment that varies over time. Therefore, we
proposes a deep reinforcement learning-based multicast routing tree construction method that can overcome these
limitations and reflect the variable network environment in SDN. To evaluate the method proposed, experiments were
performed to compare performance in various network topology. As a result, It was found that the deep
reinforcement learning agent learned by proposed method in various network topology produced optimal close
multicast routing tree than deep reinforcement learning agent learned in fixed network topology.
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Table 1. Number of node data for training and testing
DQN agents

Node Total Data Training Testing
10 5,020 4010 1,010
20 100,000 80,000 20,000
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Table 2. Number of network link topologies for training the
general DQN agents

Node Network Link Topology
10 50,000
20 100,000
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